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Abstract In this paper, we present Emotion-Aware Music Driven Movie Montage, a novel paradigm for the challeng-
ing task of generating movie montages. Specifically, given a movie and a piece of music as the guidance, our method aims
to generate a montage out of the movie that is emotionally consistent with the music. Unlike previous work such as video
summarization, this task requires not only video content understanding, but also emotion analysis of both the input movie
and music. To this end, we propose a two-stage framework, including a learning-based module for the prediction of emo-
tion similarity and an optimization-based module for the selection and composition of candidate movie shots. The core of
our method is to align and estimate emotional similarity between music clips and movie shots in a multi-modal latent
space via contrastive learning. Subsequently, the montage generation is modeled as a joint optimization of emotion similar-
ity and additional constraints such as scene-level story completeness and shot-level rhythm synchronization. We conduct
both qualitative and quantitative evaluations to demonstrate that our method can generate emotionally consistent mon-
tages and outperforms alternative baselines.

Keywords movie montage, emotion analysis, audio-visual modality, contrastive learning

mains difficult for non-professional users to generate a
movie montage of satisfactory quality to match the

1 Introduction

In recent years, with the rapid growth of social
network and mobile applications, it has become in-
creasingly popular and important to create high-quali-
ty short videos and montages. As one of the best re-
sources for montages, movies are often cut and com-
posed into shorter versions accompanied by a piece of
background music, to obtain the trailers, previews
and/or highlights of the original ones. However, exist-
ing montage editing tools typically rely on the users
to manually pick shots from the movie and align with
the music, which is tedious and time-consuming. It re-

rhythm and emotion of the music, with the addition-
al constraint that the selected shots provide a reason-
able and comprehensible summary of the original con-
tent or story.

As machine learning technologies emerge and ad-
vance, several methods have been proposed in the
past few years for the automatic generation of mon-
tages, ranging from video summarizationll to emo-
tion-oriented music video generation[ 3l. However, the
former mainly focuses on the content of the video it-
self, ignoring the correlation with any input music,
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while the latter has difficulty in understanding and
handling long videos.

Walter Scott Murch, one of the most famous
movie editors, has summarized the Rule of Siz for
film editing, including emotion, story, rhythm, eye
trace, 2D plane of screen, and 3D space of action[,
which have different values in terms of importance for
the final cut. Among these six elements, emotion is
the most important one and has an importance fac-
tor of 51%, while story and rhythm correspond to a
factor of 23% and 10%, respectively. Inspired by
Murch’s Rule of Siz, we propose Emotion-Aware Mu-
sic Driven Movie Montage (EaMD), a method to au-
tomatically generate a montage from an input movie
with a piece of user-specified music as the guidance.
Specifically, we compose the output montage by tak-
ing the most important three elements for film edit-
ing into account to meet the following requirements.

1) Emotional Consistency. The shots that are
used to compose the output montage are emotionally
consistent with the input music.

2) Story Completeness. The montage needs to
present a story that is relatively complete and com-
prehensible.

3) Rhythm Synchronization. The visual and the
audio content of the montage should have synchro-
nized rhythms.

To achieve the above goals, we adopt a two-stage
framework. In the first stage, we build a network to
align multi-modal signals of music, text, and image in
the emotion space based on CLIP (contrastive langu-
ege-image pre-training) and contrastive learningl’. In
the second stage, we formulate the task of composing
montages as an optimization problem and generate
the output using a knapsack-based solver. Specifically,
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we divide the input movie at both the scene level and
the shot level. The output montage is generated by
maximizing the similarity
scenes/shots and the input music. We ensure that the
story in the montage is comprehensible by adding
constraints on the number of selected scenes. Further-
more, we align selected shots with bars of the input
music using quantified duration so that the rhythm of
both the visual and audio signals is synchronized.

As illustrated in Fig.1, given a movie as a candi-
date, we can choose different shot combinations to
form a montage result according to the user-supplied
emotional music. The changing emotion score in the
movie will be used as a significant indicator to select
the target shots.

In summary, our main contributions are as fol-

emotional between

lows.

e We present a novel method, EaMD, for mon-
tage generation from an input movie and a user-speci-
fied music clip based on well-established rules for film
editing.

e We propose a two-stage framework to generate
output movie montages, by formulating the genera-
tion task as a constrained optimization problem.

e We conduct qualitative and quantitative evalua-
tions to demonstrate that our method leads to high-
quality emotionally consistent montages and outper-
forms alternative baselines.

2 Related Work

Music-Driven Video Generation. The purpose of
music video generation is to combine music and video
to enhance entertainment quality and emotional reso-
nance. Most previous methods, e.g., [6, 7], only con-
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Fig.1. Emotion score based music-driven movie montage. When editing the same input movie with different background music, the
corresponding emotion scores are completely different, and thus the final movie montages guided by different music are also distinct.
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sider the relationship between low-level acoustic fea-
tures and visual features while ignoring semantic con-
straints. Liao et al.B] cut the input video to synchro-
nize the music rhythm and generated audio-visually
consistent results. To narrow the semantic gap be-
tween low-level acoustic features and human percep-
tion, some methods® 3: 9 try to map the two into the
emotion space and make the audience have a good
match in their emotional perception when watching
the generated music video. Lin et al.l'0] proposed an
emotion-based pseudo-song prediction and matching
framework. Lin et al.l'll considered the continuity of
video content while matching music and videos. Gross
et al.l'? generated music videos by using features of
the video color histogram and key changes in music
and genre. However, these methods do not consider
long sequence videos. When videos are fed that are
much longer than the audio time, these methods ig-
nore the relevance of video content. They ensure emo-
tional consistency but the generated results often lack
a storyline. To address this issue, we propose an algo-
rithm to select shots that enhance the storytelling of
videos while maintaining emotional consistency.

Video Summarization. Video summarization refers
to the task of generating summaries by stitching to-
gether important contents of a video. Early approach-

s (e.g., [13, 14]) mainly use unsupervised methods to
generate video summaries due to the lack of useful
datasets. After the creation of some manually collect-
ed datasets[!5: 16l several supervised methods (e.g.,
[17]) have emerged. However, when users browse
videos, they always try to find something specific.
Therefore, Sharghi et all'8! proposed the Query-Fo-
cused Video Summarization (QFVS) dataset, allow-
ing video summaries to find specific shots through a
query to generate results, making the results more us-
er-friendly. After the of CLIPB,
Narasimhan et al.lll proposed a single framework for
solving general and query-focused video summariza-
tion in both unsupervised and supervised methods by
combining CLIP and video summarization. Movie
trailer generation is one of the main applications of
video summarization work, which attracted many re-
searchers’ attention. Existing methods usually exploit
shallow audio-visual features[!922l, but these methods

introduction

usually only focus on information about the movie it-
self. However, music is an integral part of video edit-
ing, which can affect the viewing experience of the fi-
nal result. Thus, we use music as the guidance to gen-
erate an emotion-aware movie montage.

J. Comput. Sci. & Technol., May 2023, Vol.38, No.3

Emotion Analysis of Music and Videos. The emo-
tions associated with music and videos have been
well-studied. It has been suggested that emotions are
one of the main reasons why people engage in
music?¥, and psychological research has shown that
people also have emotional responses to visual
stimulil24l. Therefore, it is a very natural way to con-
nect videos and music through emotions. Categorical
and dimensional representations have been used to
represent emotions in music%. Discrete categorical
labels include terms like excited, relaxed, and sad.
One study found that the number of emotion cate-
gories did not reflect the richness of emotions that hu-
mans perceive, or that the taxonomy is inherently
ambiguous(?3. Therefore, some other studies used di-
mensional labels in the two-dimensional (2D) plane of
valence and arousal to represent musicl26. This con-
tinuous representation has no classification problems,
but it is difficult to distinguish some mental and emo-
tional concepts. Similar to music, emotions associat-
ed with images and videos are also represented by
categoriesl?” and dimensions8. Baveye et al.l29 ex-
pressed the features of movie scenes in the valence-
arousal space. Hanjalic and Xul¥ introduced domi-
nance as an additional dimension to characterize the
emotion of videos.

3 Method

In this section, we introduce our method for emo-
tion-aware movie montage generation. We first revis-
it the general setting of montage generation and then
extend it into an emotion-aware constrained optimiza-
tion problem. As demonstrated in Fig.2, there are two
key components in our method framework, including
1) multi-modal emotion latent space alignment, and
2) emotion score based shots selection.

3.1 Problem Statement

Our goal is to generate a montage given the user-

m

specified music 2™ and a long movie z*. Following the
common practice for montage generation, we divide
the movie z” into a set of scenes & = {ey,ey,...,em}
and each scene can be split into multiple shots. We
denote all the shots as a shot set S = {sy,s2,..., 5.}
and use a mapping function 7(s;) =e; to record the
relationship between scenes and shots. Similarly, the

input music z™ is split into a series of bars



Wu-Qin Liu et al.: Emotion-Aware Music Driven Movie Montage 543

E™ Emotion-Aware Knapsack Solver
Music Emotional
Encoder Consistency
™ E
) Text Similarity ,
“Relaxation” Encoder Score -
! Story b
¢ Completeness .
Image LIL
Encoder| — Rhyth.m . Montage.mp4
i | Synchronization
o
(a) (b)

Fig.2. Illustration of our framework. (a) In the first stage, we construct an emotion space by aligning the latent representation of
multiple modalities. (b) In the second stage, we select and compose several emotion-related shots from the candidates using our emo-

tion-aware knapsack based optimization solver.

B = {by,by,....,0}. Then the goal of montage genera-
tion is to select a subset of shots R from S and asso-
ciate each bar with a movie shot. In other words,
montage generation requires 1) a shot indicator func-
tion 1,(s;), determining which shots are selected and
2) a mapping function ¢(b,) = s; to present the rela-
tionship between shots and bars. This task is in gen-
eral an under-constrained problem, and hence addi-
tional constraints to C = {¢y, ¢s, ..., ¢, } are required to
limit the feasible solutions. Valid constraints include
the total number of selected scenes and the rhythm
synchronization between shots and bars.

In this work, we add emotion-aware constraints
for the shot selection task. Our key insight is to intro-
duce an emotion measurement function Mf(s;,z™),
which can be used to evaluate the consistency be-
tween each shot and the whole music. With M, we
can formulate the optimization target such that the
selected subset of shots R can construct a montage
by maximizing the emotional consistency between the
audio and visual signals, as shown below:

R = argmaxZM(si,xm)ﬂs(si), s.t. C. (1)
‘ i=1

To solve the proposed optimization problem, we
further develop a two-stage paradigm to learn the re-
quired functions. Specifically, we adopt a CLIP-based
multi-modal alignment approach for emotion latent
representation learning and use it as M(s;,2™). The
optimization of scenes and shots selection can be
modeled as a knapsack problem given the constraints
C. The shot indicator function 1,(s;) and the shot-bar
mapping function ¢(b;) = s, can be obtained via a de-
terministic knapsack solver. We will provide details in

Subsections 3.2-3.4.

3.2  Multi-Modal
Alignment

Emotion Latent Space

The first stage of our pipeline is to learn an emo-
tion measurement function M between movie shots
and music. It requires embedding and alignment of
signs from different modalities in the emotion space.
Inspired by AudioCLIPBY, we train three encoders
(E™, Ef, EY) of different modalities (music, text, and
image) to produce matched representations, as shown
in Fig.2(a). Specifically, given a tuple of music, text,
and image (z™, z', z°) as the input, we use the three
encoders to obtain a set of latent representations (f™,
ft, 9. The purpose of introducing text modality is to
use it as an anchor to improve the classification accu-
racy. We initialize the encoders with the pretrained
AudioCLIP model and further optimize joint audio-
text-visual representations via contrastive learning
procedurels.

Contrastive Constraints for Multi-Modal Emo-
tions. The pretrained AudioCLIP model gives a good
embedding space for features from different modali-
ties, and we further align the feature space and make
it emotion-aware. Specifically, for arbitrary feature
pair (f2, f?), where a,b are from different modalities,
we aim to align the distribution of f¢, f° if they cor-
respond to the same emotion, and push away other-
wise.

Towards this end, we first define an emotion indi-
cator for different modalities. As demonstrated by
Pandeya and LeeB2, emotions of audio and visual sig-
nals can be measured together in the 2D wvalence-
arousal space, which provides a reasonable indicator
to compare the differences of both modalities. Thus,
we follow the settings in [32] and divide the emotion
spaces into six categories to cover the emotion space
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of daily communications, i.e., excited, fearful, neutral,
relaxed, sad, and tense.

For each iteration of the network training stage,
we build three 6 x 6 modality constraint matrices.
Taking image-music modalities as an example, we de-
note a music feature and an image feature either as a
positive pair (f™*+, fi*) which will be placed on the
diagonal of the matrix if they have the same emotion
indicator, or as negative examples fi~ and f™~ which
will be placed on the off-diagonal of the matrix. We
use the cross entropy loss Lcr to push the conver-
gence of the emotion space between two specific
modalities in the matrix diagonal. The detailed im-
age-music contrastive loss is as follows:

‘Cimage_music = ‘CCE(S(’HF m+)’ 1) + ECE(S(H»’ m7)7 0)+
‘CCE(S(i_7 m,+)7 0)7

where 1 represents a full one vector, and 0 denotes a
zero vector. S is the emotional consistency score we
use to evaluate the distance between different modali-
ties, defined as follows:

gl _ <S>
[l > Ll
We compute the constraints Liex image and

Liext music for text-image modalities and text-music
modalities in the same way respectively.

Emotion Classification Constraints. In order to
further improve the discriminability of emotion fea-
tures, we add a fully-connected layer after the image
and music encoder to classify the emotion categories,
which enhances the linearity of the latent emotion
space. The text information is used as a tag to influ-
ence feature space construction. More concretely, a
text prompt feature f¢ will be reshaped to a one-hot
vector C. as the target. We denote the image linear
classification layer as F? and the music linear classifi-
cation layer as F™. These classification layers learn to
discriminate the emotion categories of images and
music by the cross-entropy loss. Therefore, the final
classification constraint is formulated as:

ﬁcls = E(‘E(Fv(fl)v thxt) + £(}E(Fm(fm)7 thxt)-

Total Loss. Our full objective loss function can be
written as follows:

Etotal = ‘cimage_music + ‘Ctext_music + ‘Ctext_image + a‘cclsv

where « is a parameter to balance different loss
terms.

After the training stage, we apply the image en-
coder E' on each shot to get the image feature set

J. Comput. Sci. & Technol., May 2023, Vol.38, No.3

Fi={fi fi ..., fi}. Since each frame in a single shot
is similar, we represent the content of a single shot by
picking an intermediate frame z° in the shot interval.
Meanwhile, the trained music encoder E™ is used to
extract features of the input music ™. We collect all
the emotion consistency scores for each shot and the
whole music to form a set of emotion scores
Q= {s"™ glm §G:mY as the original value of
M(s;, z™).

3.3 Emotion Score Based Shot Selection

Given the learned emotion score function M, our
next step is to select candidate shots which yield the
maximum emotion score w.r.t. the optimization tar-
get in (1). Following Walter Murch’s montage criteri-
onbB3l, we use two constraints as C to limit the solu-
tion space: 1) scene-based story completeness con-
straint to improve the causality of the montage; 2)
shot-based audio-visual rhythm synchronization con-
straint to guarantee the audio-visual harmonious de-
gree of the montage. The shot indicator function
1,(s;) will be obtained during optimization with these
constraints.

Scene-Level Constraint for Story Completeness.
Our key observation is that the less the changes in
characters and the environment, the easier the audi-
ences understand the storyline. Therefore, a high ag-
gregation degree of scenes can provide a better story
completeness. Intuitively, we can improve the story
completeness by limiting the number of scenes to be
involved.

Hence, we define a function 1.(e;) to indicate
whether a scene is selected. A scene is considered se-
lected when one of its shots is chosen:

n

Loif Y 1(s;) >0,

i,7(si)=e;

L(e;) =

0, otherwise.

Furthermore, we denote N, as the maximum number
of selected scenes, and take it as an upper bound on
the sum of 1.(e;), formulated as:

m

Zl I.(e;) <N,. (2)

Shot-Level Constraint for Rhythm Synchroniza-
tion. Empirically, the audiences feel more harmo-
nious if the shot and music rhythm of a montage is
changed synchronously. Here the music rhythm is de-
fined as the duration of bars. We can model such a
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rhythm synchronization constraint by establishing a
mapping relationship between shots and bars. Specifi-
cally, we require each music bar should correspond to
a shot and each shot should contain at least one com-
plete music bar. To achieve this, we first quantify the
duration of both shots and bars. Since the variation of
music bar duration is small, we take the average con-
tinuous bar duration tZ’b as the unit of discrete time,
noted as tZ’b. Then for each shot of movie, we obtain
the discrete shot duration ¢t by exactly dividing the
continuous shot duration ¢{° with #*. We further re-
quire that the sum of discrete selected shot duration
is equal to the sum of all discrete bar duration N,
which is formulated as follows:

n 1
Zt;‘i’sﬂs(Si) = thb = Nb- (3)
i=1 k=1

Final Optimization Formula. We define the com-
plete optimization problem as:

R = argmaxz M(s;, 2™)1,(s;),
=
s.t. th'slls(si) =N,, (4)
i=1

m

Z ﬂﬁ(ej) < NE.
j=1

3.4 Emotion-Aware Knapsack Solver

To tackle the above optimization problem, we de-
sign an emotion-aware multi-dimensional knapsack
solver with the proposed constraints. Specifically, we
define three attributes belonging to shot s; according
to the optimization formula. The first one is a weight-
ed emotion score p;,. To further enhance the impor-
tance of scenes, for each 5™, we adjust the value by
adding the average emotion score of the scene which
the shot belongs to and form the weighted emotion
score set P = {py,pa,...,pn}- Bach item in P is formu-
lated as:

v Xn: s,
Z ]I(T(Si) = 6]') br(so=e;

i=1

pi = Si(i’m) + n

where 1(-) is a boolean indicator function. If the con-
dition (-) holds, it returns 1, and 0 otherwise. The sec-
ond attribute is the discrete shot length ¢%*, used to
ensure the visual-audio rhythm synchronization con-
straint in (3). After traversing each item, we obtain
the discrete shot duration set 7% = {t‘f‘s, e

t&s}. The third attribute is the scene number con-

straint score g; corresponding to (2). We define a step
function relying on the subscripts of the scene to
which the shot belongs, used to classify different scene
categories:
g =7, e, =7(s).

We denote @ = {qi, ¢, -..,¢.} as the set of scores for
scene number constraints. The three attribute sets
will be regarded as individual factors in the knapsack
solver.

Hard Scene Constraint Knapsack Solver. The ba-
sic state (i,7,k,z2) is defined to represent the maxi-
mum emotion score achieved by selecting exactly k
scenes, with a total discrete shot duration of j, and it-
erating over the first ¢ shots. z means whether the
scene to which the i-th shot belongs is selected. We
display the detailed state transition equation in Algo-
rithm 1. Considering whether the current state is on
the boundary of the scene (q; # ¢;_1), four possible
state transition paths need to be discussed separately.
When the user queries a specific upper bound on the
number of scenarios N,, the maximum emotion score
P can be quickly looked up. Meanwhile, the
Backtrack(-) method, as the shot indicator function
1,(s;), will trace a legal path in inverse order and re-
turn a possible index set of shots R. Then, we can ob-
tain the mapping function ¢(b;) by matching selected
shots and bars of music in chronological order.

Algorithm 1. Hard Scene Constraint Knapsack Solver

Input: set P, set (Q, set T%%, and n,N;, N, as corresponding
capacity
Output: the maximum emotion score [P, the picked shot index
set R
l:fori:1 — ndo
2: forj:1— N,do
3 fork:1 — N, do
4: if q; # qi—1 then

.. . . d,s
5 (27]7k71) &dmax((z_laj_ti 7k_170)+pi7

. . s
(t—1,7—t"k—1,1)+p;)

6: (i,j,]{?,())%maX((i—l,j,k,O),(i—1,j,]€,1))

7 else

8: (3,5, k,1) < max((i — 1,j — t>* k — 1,0) + p;,
(i -1,7- tzd’svk? 1) + i, (Z - 17j7k7 1))

9: (Z,],]%O)F(Z*].,j,k',())

10: end if

11: end for

12: end for

13: end for

14: P + max((n, Ny, N,, 1), (n, N, N,, 0))
15: R < Backtrack(P)
16: return P, R
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The hard scene constraint requires that the total
number of selected scenes is less than an upper
bound. As illustrated in Fig.3(a), we constrain the ca-
pacity of the set of scenes to which selected shots be-
long. Algorithm 1 in the main paper displays the de-
tails of hard scene constraint knapsack. We iterate
through all possible states with a triple loop which
contains three core factors. In each state transition,
the current state will obtain the maximum emotion
score from some legal substates. Specifically, four dif-
ferent state transition cases need to be discussed.

v

v

-~ /2 1/2 1/6 1/6 1/6 1/6 1/6 1/6 1/3 1/3 1/3 -

1/2 + 1/6 1/6 1/6 1/6 1/6 + 1/3 1/3 <2

(b)
Fig.3. (a) Hard scene constraints. The sum of weights of all

picked shots is limited. (b) Soft scene constraints. The number
of scenes that picked shots belong to is constrained.

1) If ¢; and ¢;_; belong to different scenes, we
choose the scene to which the 4th shot belongs
(z=1). In line 5 of Algorithm 1, two valid substates
that reduce the number of scenes should be consid-
ered when selecting a scene on the boundary.

2) If ¢; and ¢;_, belong to the different scenes, we
do not choose the scene to which the i-th shot be-
longs (2 =0). In line 6 of Algorithm 1, the scene
number will not decrease in substates because noth-
ing is selected.

3) If ¢; and ¢;_; belong to the same scene, we
choose the scene to which the i-th shot belongs
(z=1). Line 8 of Algorithm 1 shows three possible
substates. If the i-th shot is selected, the algorithm
needs to separately consider whether the number of
scenes is reduced. Conversely, the scene to which the
i-th shot belongs must be chosen before this state.

4) If ¢; and g;_; belong to the same scene, we do
not choose the scene to which the i-th shot belongs
(2 =0). In line 9 of Algorithm 1, the scene to which
the i-th shot belongs cannot be selected in the sub-
state.

Soft Scene Constraint Knapsack Solver. As illus-
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trated in Fig.3(b), the soft scene constraint knapsack
solver assigns corresponding scene constraint weight
for each shot and limits the sum of weights for all se-
lected shots. Before starting optimization, we multi-
ply all scene constraint weights by a magnification
constant and round them down to ensure each weight
is an integer.

Fixing the number of scenes may fail to obtain the
highest sum of emotion scores. Thus, we loosen the
restriction in (2). Instead of limiting the upper bound
of the sum of selected scenes, we constrain that the
sum of the inverse of the number of shots in the scene
to which the selected shots belong is no larger than
Ng:

]15(57,') <N,
) A(7(sa) = 7(si)

1

i 1
where 1(-) is a standard indicator. If the equation is
established, the function value is 1; otherwise it is 0.

Then, we reconstruct the soft scene number con-
straint score set as Q = {qi,q,...,d,}, where each
item of the set is formulated as:

q = ";, e; = 7(s4).
D Ur(sa) = ¢5)
a=1

In this condition, Algorithm 1 will degenerate into a
vanilla three-dimensional knapsack solver. We as-
sume a basic state (i,j, k), which stores the maxi-
mum emotion score when it traverses to the i-th shot
constrained by the sum of picked scene weight j and
the sum of picked discrete shot duration k. During
optimization, the state (i,j,k) will visit all
(i—1,j—t>* k—gq,) states, and pick the maximum
value to transfer. We get the same results as above.

At last, when the function of searching the best
solution 1,(s;) has been obtained, we discard the part
where the shot is longer than the bar to align dura-
tion, concatenate all selected shots in chronological
order and append the given music according to ¢(b;)
to get the final montage. In general, we provide two
knapsack-based deterministic optimization schemes to
select the shot with high emotion relevance from
abundant candidate shots.

4  Experiments
4.1 Dataset

The music video datasetB32 is used to train our
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model. This dataset focuses on the multimodal emo-
tion classification task, utilizing audio and visual in-
formation to discriminate the category of music
videos. During the training stage, a total of 4 788
samples are used, consisting of videos that convey 843
instances of excitement, 828 instances of fear, 678 in-
stances of neutrality, 1057 instances of relaxation,
730 instances of sadness, and 652 instances of tension.
Since the labels are assigned to the whole video, we
assume that the emotion of each frame within the
same shot is consistent in each batch of training. We
randomly pick a frame from videos as the input of im-
age encoder, and use the full music to encode the au-
dio feature. For text modality, we use six fixed text
prompts. Finally, we test the generated results on a
test set of 300 samples, where each emotion category
contains 50 videos.

The original data in the dataset we use has consis-
tent and rich emotions. Concretely, the consistency
represents the raw materials convey the same emo-
tion signal in the visual and audio modalities. For ex-
ample, the “excited” contains positive emotions with
bright hued scenes and the corresponding music has
light rhythm and pleasant chords. Meanwhile, the
richness of emotions means that each category in the
dataset covers various fine-grained emotions. For ex-
ample, the category of “excited” encompasses emo-
tions such as happiness, joy, love, and excitement,
while the category of “fear” includes emotions such as
fearfulness, disgust, terror, and so on.

4.2 Experimental Setup

For visual modality, we extract the shot of video

g

by TransNet v2B4 and obtain the scene segmentation
boundary by the method of Rao et al.35l. For audio
modality, we split the bar of music by the Madmom
library®6l. We train our model for 50 epochs with the
Adam optimizerB” on a single NVIDIA RTX 3090.
The learning rate is 0.0001 and the batch size is 6.
Meanwhile, we set the trade-off o as 1. In the opti-
mization stage, we denote Ours(h) as the montage re-
sults generated by using the hard scene constraint,
and Ours(s) as the ones generated by using the soft
constraint. The scene number constraint for both
methods is 5.

To comprehensively compare the differences be-
tween various types of movies and music in the mon-
tage task, in the evaluation phrase, we choose 11
movies whose categories cover action (e.g., Léon), love
(e.g., Titanic), science fiction (e.g., Inception), come-
dy (e.g., The Grand Budapest Hotel) and fear (e.g.,
Train to Busan). Sixteen pieces of music with dis-
tinct emotions are used as background songs.

4.3 Qualitative Evaluations

In this subsection, we show some qualitative re-
sults from visual-audio aspect. To directly evaluate
the quality of montage, Fig.4 shows some visualized
results that frames are picked from the montage gen-
erated by our method. Forrest Gum, as an example,
is clipped by various kinds of music with different
emotions. The representative pictures with strong
emotions are shown in each column. Apparently,
some optimistic scenes (excitement or relaxation)

(a) c)
Fig.4. Montage results generated by our framework driven by music with different emotions. (a) Excited.wav. (b) Fear.wav. (c) Re-
laxation.wav. (d) Sad.wav. (e) Tension.wav. (f) Neutral.wav.
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with the bright light are selected by the delighted
music. On the other side, the painful scenes (fear or
sadness) are often accompanied by crying and dark
atmosphere. To some extent, the results demonstrate
that our method has a good audio-visual emotional
consistency performance.

Ablation Study. To explore the impact of each
component in our solvers on the preferences of the au-
dience, we ablate three key factors in (4), including
emotional consistency, story completeness and rhythm
synchronization, to make a 30-second montage with
fixed music. For user study, we select five movies and
generate five montages for each movie by our models
and the baseline (ablated) models. We also invite an
expert to make a montage for each movie under same
conditions. Finally, we get 30 montages and invite 36
investigators to rate them (1-5), considering four as-
pects: 1) the degree of audio-visual emotional consis-
tency; 2) the degree of story completeness; 3) the de-
gree of audio-visual rhythm synchronization; 4) the
overall quality of the montage.

Table 1 shows the average rating statistics. Apart
from the results from the expert as upper bound,
Ours(h) achieves the highest rating in story complete-
ness, rhythm synchronization and overall evaluation
under full constraints. We bold the highest score of
our method in each metric. With a movie of about
two hours as a benchmark, our method only takes 20
minutes to process a montage, but it takes the expert
2-3 days to process a 30-second video, because it
takes a lot of time to choose suitable shots. Further,
by relaxing the constraint of the scenes, Ours(s) out-
performs on emotional consistency than Ours(h) but
slightly decreases in other metrics due to the loss of
overall coherence. When the emotion factor is not
considered (w/o emotion), there is a significant drop
in all ratings, proving the importance of audio-visual
emotional consistency for montages. Similarity, de-
spite the selection of the largest emotion score, the

Table 1. Results of Ablation Study
Method Emotional Story Rhythm Overall
Consistency Completeness Sync.
Ours(h) 3.574 3.624 3.616 3.783
Ours(s) 3.672 3.148 3.438 3.502
w/o 3.026 3.146 3.412 3.105
emotion
w/o story 3.384 3.140 3.460 3.328
w/o 3.182 3.044 3.124 3.138
rhythm
Expert 3.938 3.886 3.966 4.037
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lack of a story completeness constraint (w/o story)
will limit the overall quality of montages. Due to peo-
ple’s sensitivity to audio-visual rhythm synchroniza-
tion (sync.), the last factor (w/o rhythm) gets almost
the worst score in most aspects.

Qualitative Comparisons with Other Methods. To
the best of our knowledge, the proposed framework is
the first to achieve music-driven movie montage, lack-
ing comparable methods and open source codes. [11]
by Lin et al. is the most similar work to ours, which
firstly recommends a piece of matched music from a
fixed music database according to the user-supplied
video and then obtains the final montage by selecting
shots under cost-based constraints. Although the in-
put is not exactly consistent, the output of that
work[!l] is the same as ours; therefore, we set it as a
baseline. To further prove the effectiveness of our ap-
proach, we invite the expert to clip the montages un-
der the same conditions.

In this study, we make montages of lengths be-
tween three and five minutes with a piece of music
from the user-specified video about 15 minutes. Final-
ly, we produce five montages and invite 40 investiga-
tors to participate this experiment. These partici-
pants receive the same questions as the user study.
They rate each montage on a scale of 1-5 based on
emotional consistency, story completeness and rhythm
synchronization and overall aspect. Table 2 demon-
strates that compared with [11], we achieve signifi-
cant superiority on all evaluation metrics. We bold
the highest score of methods in each evaluation crite-
rion except for expert ratings. In particular, since we
explicitly consider the influencing factors of film edit-
ing, we achieve large improvements in story complete-
ness and rhythm synchronization, and can even
achieve scores that are competitive with expert re-
sults.

Table 2. Qualitative Comparisons with Other Methods
Method Emotional Story Rhythm Overall
Consistency ~ Completeness Sync.
Lin et al'l 3.690 3.723 3.178  3.401
Ours 3.782 4.101 3.678 3.987
Expert 3.835 3.948 4.024 4.103

Arbitrary Music Driven Movie Montage. To re-
flect the disparity guided by different types of music,
we conduct a user study to explore the audio-visual
emotional consistency of our approach. For compari-
son, we select different types of pieces of emotional
music to drive movie clips, and each movie will be
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edited by two random emotions. In this experiment,
investigators need to answer two questions. 1) What
emotions do you feel from the movie montage? 2) How
strong are they? Considering different proportions of
emotions of diverse people, we allow them to choose
multiple emotions for each movie montage and score
the emotion degree in the montage on a scale of 1-10,
where higher scores represent more prominent emo-
tions. Finally, we receive a total of 46 valid question-
naires. As shown in Fig.5, in each row, we display the
voted percentage of each emotion category for a sin-
gle movie driven by a piece of music with different
emotions. For each piece of music, we draw the nor-
malized degree of relevance that the participants vot-
ed on, and the red word means the highest probabili-
ty category. By observing the results, we achieve the
distinct differences in all six emotions. The relaxation
is the easiest category to tell due to that beautiful

landscapes and bright scenes are often appeared. The
excitement and tension become the most confusing
emotion category on account of a large amount of
similar facial expressions and body movements.

4.4 Quantitative Evaluations

Confusion Matriz of Emotion Classification. We
apply the music video emotion classification accuracy
to assess the performance of our model. We validate
our model on the test set using a confusion matrix as
a visual evaluation method, which counts the number
of samples in classes that are misclassified between
different categories. As shown in Fig.6, our model per-
forms well on categories of “fear”, “relaxation” and
“excited”. However, “neutrality” is often misclassi-
fied as other classes, because its data resembles other
emotions.

Movie Guided Music Montage Frame

Relaxation.wav

Forrest Gump

Neutrality. wav

Emotion
Excitement 13.04%
Fear 0.00%
Relaxation GG 91.30%
Sadness 4.35%
Tension  0.00%
Neutrality 13.04%
Excitement 43.48%
Fear 4.35%
Relaxation 8.70%
Sadness 17.39%
Tension 17.39%

Neutrality [N 65.22%

Excitement.wav

Léon

Tension.wav

Excitement [INNININGEEE 56.52%

Fear 13.04%
Relaxation 21.74%
Sadness 4.35%
Tension 21.74%
Neutrality 26.09%
Excitement 17.39%
Fear 34.78%
Relaxation 0.00%
Sadness 4.35%

Tension NG 60.87%
Neutrality 0.00%

Fear.wav

The Grand Budapest Hotel

Sadness.wav

Excitement 21.74%
Fear NN 32.61%
Relaxation 0.00%

Sadness  0.00%
Tension 21.74%
Neutrality 4.35%
Excitement 4.35%
Fear 0.00%
Relaxation 30.43%
Sadness NG 73.91%
Tension 0.00%
Neutrality 17.39%

Fig.5. Percentage of most possible emotions for movie montages guided by two pieces of random emotional music. Six examples are
displayed, including the guided music, the montage frame, and the emotion probability map voted by investigators.
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Fig.6. Confusion matrix of emotion classification.

Statistics of the Accuracy and F1-Score. We com-
pare our methods with others in terms of top-1 accu-
racy (Acc.) and Fl-score (F)) to prove the discrim-
inability of our emotion space by feeding signals in diff-
erent modalities. We select the method of [38], vanil-
la AudioCLIPBl, and Wav2CLIPB9 as baselines. The
results are shown in Table 3, where “Ours w cls” and
“Ours w/o cls” correspond to training models with and
without a classifier, respectively. “Ours w/o text-enc”
means to remove the text encoder and does not use
the text modality to enhance the feature. “Ours w/o
pretrain” means the encoder is trained from scratch.
We demonstrate the effectiveness of our full frame-
work by comparing the classification performance of
encoders under various conditions. We bold the high-
est score and underline the second highest score in
each metric. We achieve the best top-1 accuracy and
Fl-score on the emotion classification task of music
videos. AudioCLIP and Wav2CLIP completely lose
the ability to classify video emotions due to the con-
straint of the original pretrained dataset. Compared
with [38], our method also achieves the highest perfor-
mance in the audio modality.

Table 3. Statistics of the Accuracy and F1-Score

Method Accuracy (%) F (%)
Audio Visual Audio  Visual

Pandeya et al.*¥ 74.0 74.0 73.0 73.0
AudioCLIPB! 18.3 34.0 12.6 32.9
Wav2CLIPBY 16.3 12.7 4.7 11.5
Ours w cls 82.0 69.7 82.0 70.0
Ours w/o cls 76.7 67.7 76.9 67.7
Ours w/o text-enc 75.3 63.2 75.1 63.2
Ours w/o pretrain 69.0 56.8 69.2 56.6
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4.5 Video Demo

To demonstrate the effectiveness of our frame-
work, we provide a video demo that consists of movie
montages guided by various pieces of emotional mu-
sic. Two specific tasks are presented in the video.

The first task is to generate movie montages driv-
en by different pieces of emotional music for a single
movie. We list two different movies, including “For-
rest Gump” and “Leon”. For the same movie, we pro-
cess it with our pipeline, adding a piece of 30-second
emotional music, such as “Forrest Gump” edited by
relaxed and neutral music and “Leon” with excited
and tense music. Apparently, we can easily observe
the difference in the montage results. For example,
the beautiful landscape (i.e., sea and forest) frames
are mainly picked in the montage when a music with
the relaxed emotion is used as guidance. On the con-
trary, with a piece of neutral music, the movie mon-
tage often contains static pictures, for example, the
expressionless man sitting on the chair. Based on our
solver, we successfully select the suitable set of movie
shots to create a montage, which leads to the dispari-
ty.

The second task in our demo is to create the mon-
tage using the corresponding theme song of the
movie. Two movies, “Mulan” and “The Grand Bu-
dapest Hotel”, are used as raw materials. In this case,
we show our framework can create a montage that
fits the overall mood and rhythm of the movie accord-
ing to the theme song.

5 Discussions and Limitations

Although our method can achieve emotional con-
sistency and rhythmic synchronization in montage,
there are still some limitations. For example, when
the selected shot length is longer than the correspond-
ing music bar length, part of the shot will be cut off,
which may compromise the integrity of the shot.
Moreover, our method does not explicitly consider the
semantic transition and coherence between shots; thus
there may be plot jumps between two consecutive
shots. In the future, we will further explore and ad-
dress these issues.

6 Conclusions

In this paper, we introduced a new task for emo-
tional perception in movie montages that is driven by
music. Our task involves the challenge of retrieving
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and reorganizing shots from movies based on specific
segments of music selected by the user. To address
this problem, we formulated it as an optimization
problem and proposed a two-stage framework that in-
cludes a learning-based module for predicting emo-
tional similarity and an optimization-based module
for selecting and synthesizing candidate movie shots.

Our proposed framework is effective in capturing
movie shots that align with audio emotions and gen-
erating storytelling montage videos. We conducted
qualitative and quantitative evaluations, and achieved
the highest accuracy of 82% and Fl-score of 82%,
which demonstrate that our method can handle ultra-
long videos and produce high-quality results com-
pared with existing methods.

In the future, we plan to further improve our ap-
proach in both video transitions and storytelling to
achieve results comparable to those of professional ed-
itors.

References

[1] Narasimhan M, Rohrbach A, Darrell T. Clip-it! Lan-
guage-guided video summarization. In Proc. the 35th In-
ternational Conference on Neural Information Processing
Systems, Dec. 2021, pp.13988-14000.

[2] Lin J C, Wei W L, Wang H M. EMV-matchmaker: Emo-
tional temporal course modeling and matching for auto-
matic music video generation. In Proc. the 23rd ACM In-
ternational Conference on Multimedia, Oct. 2015, pp.899—
902. DOI: 10.1145/2733373.2806359.

3] Lin J C, Wei W L, Wang H M. DEMV-matchmaker:
Emotional temporal course representation and deep simi-
larity matching for automatic music video generation. In
Proc. the 2016 IEEE International Conference on Acous-
tics, Speech and Signal Processing, Mar. 2016, pp.2772-
2776. DOI: 10.1109/ICASSP.2016.7472182.

[4] Murch W. In the Blink of an Eye. Silman-James Press,
2001.

[6] Radford A, Kim J W, Hallacy C, Ramesh A, Goh G,
Agarwal S, Sastry G, Askell A, Mishkin P, Clark J,
Krueger G, Sutskever I. Learning transferable visual mod-
els from natural language supervision. In Proc. the 38th
International Conference on Machine Learning, Jul. 2021,
pp.-8748-8763.

[6] Yoon J C, Lee I K, Byun S. Automated music video gen-
eration using multi-level feature-based segmentation. Mul-
timedia Tools and Applications, 2009, 41(2): 197-214.
DOI: 10.1007/s11042-008-0225-0.

[7] Kuo F F, Shan M K, Lee S Y. Background music recom-
mendation for video based on multimodal latent seman-
tic analysis. In Proc. the 2013 IEEE International Confer-
ence on Multimedia and Expo, Jul. 2013. DOI: 10.1109/
ICME.2013.6607444.

(8]

[9]

[10]

(11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]

[19]

20]

[21]

551

Liao Z C, Yu Y Z, Gong B C, Cheng L C. Audeosynth:
Music-driven video montage. ACM Trans. Graphics, 2015,
34(4): Article No. 68. DOI: 10.1145/2766966.

Wang J C, Yang Y H, Jhuo I H, Lin Y Y, Wang H M.
The acousticvisual emotion Guassians model for automat-
ic generation of music video. In Proc. the 20th ACM In-
ternational Conference on Multimedia, Oct. 2012,
pp-1379-1380. DOI: 10.1145/2393347.2396494.

Lin J C, Wei W L, Wang H M. Automatic music video
generation based on emotion-oriented pseudo song predic-
tion and matching. In Proc. the 24th ACM International
Conference on Multimedia, Oct. 2016, pp.372-376. DOI:
10.1145/2964284.2967245.

Lin J C, Wei W L, Yang J, Wang H M, Liao H'Y M. Au-
tomatic music video generation based on simultaneous
soundtrack recommendation and video editing. In Proc.
the 25th ACM International Conference on Multimedia,
Oct. 2017, pp.519-527. DOI: 10.1145/3123266.3123399.
Gross S, Wei X X, Zhu J. Automatic realistic music video
generation from segments of YouTube videos. arXiv: 1905.
12245, 2019. https://arxiv.org/abs/1905.12245, Jun. 2023.
Liu T C, Kender J R. Optimization algorithms for the se-
lection of key frame sequences of variable length. In Proc.
the 7th European Conference on Computer Vision, Apr.
2002, pp.403-417. DOI: 10.1007/3-540-47979-1_27.
Mahmoud K M, Ghanem N M, Ismail M A. Unsuper-
vised video summarization via dynamic modeling-based
hierarchical clustering. In Proc. the 12th International
Conference on Machine Learning and Applications, Dec.
2013, pp.303-308. DOI: 10.1109/ICMLA.2013.140.

Song Y L, Vallmitjana J, Stent A, Jaimes A. TVSum:
Summarizing web videos using titles. In Proc. the 2015
IEEE Conference on Computer Vision and Pattern Recog-
nition, Jun. 2015, pp.5179-5187. DOI: 10.1109/CVPR.2015.
7299154.

Gygli M, Grabner H, Riemenschneider H, Van Gool L.
Creating summaries from user videos. In Proc. the 13th
European Conference on Computer Vision, Sept. 2014,
pp-505-520. DOI: 10.1007/978-3-319-10584-0_33.

Zhu W C, Lu J W, Li J H, Zhou J. DSNet: A flexible de-
tect-to-summarize
IEEE Trans. Image Processing, 2021, 30: 948-962. DOI:
10.1109/TIP.2020.3039886.

Sharghi A, Gong B Q, Shah M. Query-focused extractive
video summarization. In Proc. the 14th European Confer-
ence on Computer Vision, Oct. 2016, pp.3-19. DOI: 10.
1007/978-3-319-46484-8 1.

Irie G, Satou T, Kojima A, Yamasaki T, Aizawa K. Auto-
matic trailer generation. In Proc. the 18th ACM Interna-
tional Conference on Multimedia, Oct. 2010, pp.839-842.
DOI: 10.1145/1873951.1874092.

Xu H T, Zhen Y, Zha H Y. Trailer generation via a point

process-based visual attractiveness model. In Proc. the

network for video summarization.

24th International Conference on Artificial Intelligence,
Jul. 2015, pp.2198-2204. DOI: 10.5555/2832415.2832554.
Papalampidi P, Keller F, Lapata M. Film trailer genera-


https://doi.org/10.1145/2733373.2806359
https://doi.org/10.1109/ICASSP.2016.7472182
https://doi.org/10.1007/s11042-008-0225-0
https://doi.org/10.1007/s11042-008-0225-0
https://doi.org/10.1007/s11042-008-0225-0
https://doi.org/10.1007/s11042-008-0225-0
https://doi.org/10.1109/ICME.2013.6607444
https://doi.org/10.1109/ICME.2013.6607444
https://doi.org/10.1145/2766966
https://doi.org/10.1145/2393347.2396494
https://doi.org/10.1145/2964284.2967245
https://doi.org/10.1145/3123266.3123399
https://arxiv.org/abs/1905.12245
https://doi.org/10.1007/3-540-47979-1_27
https://doi.org/10.1007/3-540-47979-1_27
https://doi.org/10.1007/3-540-47979-1_27
https://doi.org/10.1007/3-540-47979-1_27
https://doi.org/10.1007/3-540-47979-1_27
https://doi.org/10.1109/ICMLA.2013.140
https://doi.org/10.1109/CVPR.2015.7299154
https://doi.org/10.1109/CVPR.2015.7299154
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1109/TIP.2020.3039886
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1007/978-3-319-46484-8_1
https://doi.org/10.1145/1873951.1874092
https://dl.acm.org/doi/10.5555/2832415.2832554

552

(22]

23]

(24]

(25]

[26]

27]

(28]

29]

(30]

(31]

32]

33]

34]

tion via task decomposition. arXiv: 2111.08774, 2021.
https://arxiv.org/abs/2111.08774, Jun. 2023.

Smith J R, Joshi D, Huet B, Hsu W, Cota J. Harnessing
A 1. for augmenting creativity: Application to movie trail-
er creation. In Proc. the 25th ACM International Confer-
ence on Multimedia, Oct. 2017, pp.1799-1808. DOI: 10.
1145/3123266.3127906.

Juslin P N, Laukka P. Expression, perception, and induc-
tion of musical emotions: A review and a questionnaire
study of everyday listening. Journal of New Music Re-
search, 2004, 33(3): 217-238. DOI: 10.1080/09298210420
00317813.

Cowen A S, Keltner D. Self-report captures 27 distinct
categories of emotion bridged by continuous gradients.
Proceedings of the National Academy of Sciences of the
United States of America, 2017, 114(38): E7900-E7909.
DOI: 10.1073/pnas.1702247114.

Kim Y E, Schmidt E M, Migneco R, Morton B G,
Richardson P, Scott J J, Speck J A, Turnbull D. Music
emotion recognition: A state of the art review. In Proc.
the 11th International Society for Music Information Re-
trieval Conference, Aug. 2010, pp.937-952.

Russell J A. A circumplex model of affect. Journal of Per-
sonality and Social Psychology, 1980, 39(6): 1161-1178.
DOI: 10.1037/h0077714.

Zhao S C, Gao Y, Jiang X L, Yao H X, Chua T S, Sun X
S. Exploring principles-of-art features for image emotion
recognition. In Proc. the 22nd ACM International Confer-
ence on Multimedia, Nov. 2014, pp.47-56. DOI: 10.1145/
2647868.2654930.

Lu X, Suryanarayan P, Adams Jr R B, Li J, Newman M
G, Wang J Z. On shape and the computability of emo-
tions. In Proc. the 20th ACM International Conference on
Multimedia, Oct. 2012, pp.229-238. DOI: 10.1145/
2393347.2393384.

Baveye Y, Dellandrea E, Chamaret C, Chen L. M. LIRIS-
ACCEDE: A video database for affective content analysis.
IEEE Trans. Affective Computing, 2015, 6(1): 43-55.
DOI: 10.1109/TAFFC.2015.2396531.

Hanjalic A, Xu L Q. Affective video content representa-
tion and modeling. IEEE Trans. Multimedia, 2005, 7(1):
143-154. DOI: 10.1109/TMM.2004.840618.

Guzhov A, Raue F, Hees J, Dengel A. Audioclip: Extend-
ing clip to image, text and audio. In Proc. the 2022 IEEE
International Conference on Acoustics, Speech and Signal
Processing, May 2022, pp.976-980. DOI: 10.1109/ICASSP
43922.2022.9747631.

Pandeya Y R, Lee J. Deep learning-based late fusion of
multimodal information for emotion classification of mu-
sic video. Multimedia Tools and Applications, 2021, 80(2):
2887-2905. DOI: 10.1007/s11042-020-08836-3.

Yu X J. A study on the editing frequencies trends for
films emotion clips. International Journal of Organization-
al Innovation, 2017, 9(3): 40A-4TA.

Soucek T, Loko¢ J. TransNet V2: An effective deep net-

work architecture for fast shot transition detection. arXiv:

J. Comput. Sci. & Technol., May 2023, Vol.38, No.3

2008.04838, 2020. https://arxiv.org/abs/2008.04838, Jun.
2023.

[35] Rao A'Y, Xu L N, Xiong Y, Xu G D, Huang Q Q, Zhou
B L, Lin D H. A local-to-global approach to multi-modal
movie scene segmentation. In Proc. the 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
Jun. 2020, pp.10146-10155. DOIL: 10.1109/CVPR42600.
2020.01016.

[36] Bock S, Korzeniowski F, Schliiter J, Krebs F, Widmer G.
Madmom: A new python audio and music signal process-
ing library. In Proc. the 24th ACM International Confer-
ence on Multimedia, Oct. 2016, pp.1174-1178. DOI: 10.
1145/2964284.2973795..

[37] Kingma D P, Ba J. Adam: A method for stochastic opti-
mization. arXiv: 1412.6980, 2014. https://arxiv.org/abs/
1412.6980, Jun. 2023.

[38] Pandeya Y R, Bhattarai B, Lee J. Deep-learning-based
multimodal emotion classification for music videos. Sen-
sors, 2021, 21(14): 4927. DOIL: 10.3390/s21144927.

[39) Wu H H, Seetharaman P, Kumar K, Bello J P.
Wav2CLIP: Learning robust audio representations from
clip. In Proc. the 2022 IEEE International Conference on
Acoustics, Speech and Signal Processing, May 2022,
pp-4563-4567. DOI: 10.1109/ICASSP43922.2022.9747669.

Wu-Qin Liu received her B.S. de-
gree in communication engineering
from Beijing Jiaotong University, Bei-
jing, in 2021. She is currently a gradu-
ate student at the State Key Labora-
tory of Multimodal Artificial Intelli-
% gence Systems (MAIS), Institute of

Automation, Chinese Academy of Sciences, Beijing. Her

research interest is multimodal visual media generation.

Min-Xuan Lin received his M.S. de-
gree in computer applied technology
from the National Laboratory of Pat-
tern Recognition, Institute of Automa-
tion, Chinese Academy of Sciences,
Beijing, in 2021. He received his B.S.
degree in computer science and tech-
nology from Ocean University of China, Qingdao, in
2018. He is currently an engineer at Kuaishou Technolo-
gy, Beijing. His research interests include computation-

al visual media and visual media generation.


https://arxiv.org/abs/2111.08774
https://doi.org/10.1145/3123266.3127906
https://doi.org/10.1145/3123266.3127906
https://doi.org/10.1080/0929821042000317813
https://doi.org/10.1080/0929821042000317813
https://doi.org/10.1073/pnas.1702247114
https://doi.org/10.1037/h0077714
https://doi.org/10.1145/2647868.2654930
https://doi.org/10.1145/2647868.2654930
https://doi.org/10.1145/2393347.2393384
https://doi.org/10.1145/2393347.2393384
https://doi.org/10.1109/TAFFC.2015.2396531
https://doi.org/10.1109/TMM.2004.840618
https://doi.org/10.1109/ICASSP43922.2022.9747631
https://doi.org/10.1109/ICASSP43922.2022.9747631
https://doi.org/10.1007/s11042-020-08836-3
https://doi.org/10.1007/s11042-020-08836-3
https://doi.org/10.1007/s11042-020-08836-3
https://doi.org/10.1007/s11042-020-08836-3
https://arxiv.org/abs/2008.04838
https://doi.org/10.1109/CVPR42600.2020.01016
https://doi.org/10.1109/CVPR42600.2020.01016
https://doi.org/10.1145/2964284.2973795.
https://doi.org/10.1145/2964284.2973795.
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://doi.org/10.3390/s21144927
https://doi.org/10.1109/ICASSP43922.2022.9747669

Wu-Qin Liu et al.: Emotion-Aware Music Driven Movie Montage 553

Hai-Bin Huang received his B.S.
and M.S. degrees in mathematics in
2009 and 2011 respectively from Zhe-
jiang University, Hangzhou. He ob-
tained his Ph.D. degree in computer
UMass Ambherst,

Ambherst, in 2017. He is currently a se-

science from

R
nior staff research scientist at Kuaishou Technology,
Beijing. His research interests include computer graph-

ics.

Chong-Yang Ma received his B.S.
degree from the Fundamental Science
Class (Mathematics and Physics) of
Tsinghua University, Beijing, in 2007,
and his Ph.D. degree in computer sci-

ence from the Institute for Advanced

Study of Tsinghua University, Beijing,
in 2012. He is currently a research manager at Kuaishou
Technology, Beijing. His research interests include com-

puter graphics and computer vision.

Yu Song received her Ph.D. degree
in pattern recognition and intelligent
systems from the National Laboratory
of Pattern Recognition, Institute of
Automation, Chinese Academy of Sci-
ences, Beijing, and her M.S. degree in
automation from Tianjin University,

Tianjin, in 2017. She is currently working in the Indus-
trial Design Department of the School of Mechanical
Engineering, University of Science and Technology Bei-
jing, Beijing. Her research interests include image col-

lage, image retargeting, and machine learning

Wei-Ming Dong is a professor at
the State Key Laboratory of Multi-
modal Artificial Intelligence Systems
(MAIS) at Institute of Automation,
Chinese Academy of Sciences, Beijing.
He received his B.S. and M.S. degrees

in computer science and technology in

2001 and 2004, respectively, both from Tsinghua Univer-
sity, Beijing. He received his Ph.D. degree in computer
science from the University of Lorraine, Nancy, in 2007.
His research interests include image synthesis, image

recognition, and computational creativity.

Chang-Sheng Xu is a professor at
the State Key Laboratory of Multi-
modal Artificial Intelligence Systems
(MALIS), Institute of Automation, Chi-
nese Academy of Sciences, Beijing,
and the executive director of the Chi-
\ na-Singapore Institute of Digital Me-
dia, Singapore. Prof. Xu received the Best Associate Ed-
itor Award of ACM Transactions on Multimedia Com-
puting, Communications and Applications in 2012 and
the Best Editorial Member Award of ACM/Springer
Multimedia Systems Journal in 2008. He served as a
program chair of the Association for Computing Ma-
chinery (ACM) Multimedia 2009. He has served as an
associate editor, a guest editor, a general chair, a pro-
gram chair, an area/track chair, a special session orga-
nizer, a session chair, and a Transactions on Profession-
al Communication (TPC) member for over 20 IEEE and
ACM prestigious multimedia journals, conferences, and
workshops. He is an associate editor of ACM Transac-
tions on Multimedia Computing, Communications and
Applications and the editor-in-chief of ACM/Springer
Multimedia Systems Journal. He is a fellow of IEEE and
TAPR, a senior member of CCF, and a member of ACM.



	1 Introduction
	2 Related Work
	3 Method
	3.1 Problem Statement
	3.2 Multi-Modal Emotion Latent Space Alignment
	3.3 Emotion Score Based Shot Selection
	3.4 Emotion-Aware Knapsack Solver

	4 Experiments
	4.1 Dataset
	4.2 Experimental Setup
	4.3 Qualitative Evaluations
	4.4 Quantitative Evaluations
	4.5 Video Demo

	5 Discussions and Limitations
	6 Conclusions
	References

